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Abstract:

Nine climate models that participated in the Inter-governmental Panel for Climate
Change (IPCC) Fifth Assessment Report (CMIP5) realistically capture the general patterns of
seasonal cycle, the probability distributions of rainrate and surface daily maximum and minimum
temperature (Tmax, Tmin), and the statistical distributions of the drought indices over the south-
central United States (SC US). However, most of them have wet and cold biases in precipitation
and Tmax, and underestimate non-rainy days and heavy to violent rainfall events and
overestimate moderate rain. These biases are consistent with their underestimates of the
latitudinal gradient of 500 hPa geopotential height in winter and spring, the strength and extent
of the mid-tropospheric geopotential ridge, and the lower tropospheric westerly winds in
summer. The former allows more frequent passages of synoptic disturbances during winter and
spring, whereas the latter weakens the circulation pattern in favor of summer droughts. Although
a few models can partially capture the Pacific-North American wave-train patterns, the models
cannot fully capture the tele-connection patterns associated with El Nifio-Southern Oscillation
(ENSO) and its influence on rainfall anomalies over the SC US. Only CCSM4 reproduces the
observed global SST warming mode and its relationship with an increase of summer rainfall over
the SC US, and also out-performs other models in realistically representing most of the metrics
used in our evaluation. Examination of multi-model ensemble mean and “the best performing
model” (CCSM4) suggests that projection of drying for the SC US under the RCP4.5 is

ambiguous, but under the RCP8.5 scenario it is robust.
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1. Introduction

The worst single year drought over the SC US in 2011 and the worst drought in 60 years
that a much large fraction of the US is experiencing in 2012 are vivid reminders of the
vulnerability of our society to droughts. To improve drought resilience, regional decision makers
need to know whether and how climate will change, especially whether the statistical
characteristics of droughts and extreme surface temperature and rainfall will change, in the
future. The climate projections by the CMIP5 modeling groups provide key information for
regional decision makers. However, large inter-model discrepancies and apparent disagreement
with observed changes during the past century over this region have largely prevented regional
stakeholders from incorporating climate projections into their planning activities so far.

The climate community has done extensive research to assess future climate change, and
the underlying mechanisms driving climate over the southwest and southeast US and the US
Great Plain (e.g., Seager et al. 2007, Cook et al. 2008; Li et al. 2011) using the Coupled Model
Intercomparison Project Phase-3 (CMIP3) model outputs. However, few studies have focused on
future climate changes over the SC US. Consequently, regional stakeholders only have access to
studies that primarily focus on the SW US and the Great Plains (e.g., Seager et al. 2006; Karl et
al. 2009). Recently, several studies have assessed future climate changes over Texas (Mishra
and Singh 2009; Jiang and Yang 2012). However, the reliability of climate projections for this
region has not been investigated thoroughly.

Although drought has occurred frequently in recent years, mean annual rainfall over the
SC US has been increasing over the last century (e.g., Dai et al. 2004; Trenberth et al. 2007).
This increase of rainfall appears to be correlated with the global scale SST warming (Wang et al.

2010). By contrast, CMIP3 climate models have collectively projected a decrease of winter and
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spring rainfall by 5% to 30% by the late 21st century (Karl et al. 2009, Jiang and Yang 2012).
Can climate models adequately represent the change of rainfall response over the SC US
resulting from global climate change? To clarify this question, we evaluate CMIP5 climate
models (Taylor et al., 2012). These models have included more comprehensive representations
of many climatic processes with finer spatial resolution and more ensemble members of
simulations for each model and scenario compared to the CMIP3 models. How realistically do
they represent current climate? What model qualities affect climate projections for the SC US?
The ultimate aim is to inform regional decision makers and so improve regional drought
resilience.

Whether model quality would have a significant impact on climate projections has been
debated. For example, Pierce et al. (2009) show that an ensemble mean, especially a multi-
model ensemble mean projection, can out-performs the best quality model because the former
allows cancellation of offsetting errors in the individual global models.

However, over some regions, models may share a similar bias that cannot be effectively
reduced by a multi-model ensemble averaging. Then, models realistically representing the
controlling mechanism of regional climate variability and its sensitivity to global climate change
could provide another constraint on uncertainty of the climate projections. In addition, a
demonstration of model quality in many cases is a prerequisite for policy makers to incorporating
climate projection into their decision making processes.

The selection of metrics can strongly influence the relevance of model evaluation for
improving climate projections. Past studies have focused on assessment of climatology, natural
variability and trends, important measures of the model creditability, but not providing

information about whether a model adequately captures regional climate sensitivity to
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anthropogenic forced global climate change. For example, an evaluation of trend for the period
of a few decades with a few climate model simulations can be strongly influenced by random
internal variability, i.e., an agreement between a modeled and observed variable can be a random
coincidence, rather than a demonstration of the capability of a model for prediction.

One way to evaluate regional climate sensitivity is to examine the relationship between
regional climate change and the global warming trend, rather than a regional climate trend alone.
Such a relationship can be evaluated by observations. This study develops such a relationship as
a key metric in ranking the quality of climate models. It is used with other metrics that evaluate
key large-scale circulation variables and their relationships with ENSO, AMO and global SST
warming pattern, in order to evaluate projections of future climate by a multi-model ensemble

and a “best performing model”.

2. Description of Datasets, Models and Methodologies
2.1 Datasets:

We used the CPC US-Mexico daily gridded rainfall dataset (Higgins et al., 1996) over the
domain 22.5°N-40°N and 110°W-90°W. It comprises an archival (from 1948-2004 at 1°
resolution) and a real-time (2001 to present at 0.25° resolution) component that we combined to
obtain a continuous time series from 1950-2005. These data are re-mapped to a 2.5° resolution
to match the lowest resolution of the CMIP5 models. Daily Tmin and Tmax were obtained from
the Global Historical Climatology Network (GHCN) dataset (Vose et al., 1992), and gridded to
2.5° resolution using the Weaver Analysis technique. In the absence of adequate long-term
measurements of evapotranspiration (ET), we use the monthly ET provided by the North

American Land Data Assimilation (NLDAS) of the Goddard Land Data Assimilation Data
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System (GLDAS) (Rodell et al., 2004) obtained from http://mirador.gsfc.nasa.gov. The monthly

SSTs data are obtained from the Extended Reconstructed Sea Surface Temperature dataset
(ERSSTv3b, Smith et al., 2008) for the period 1901-2005, and the fields of 500 hPa geopotential
height (2500), and zonal and meridional winds at 850 hPa (U850, V850) are obtained from the
National Center for Environmental Prediction (NCEP) reanalysis (Kalnay et al., 1996; Kistler et

al., 2001)

2.2 CMIP5 models and the simulations used in this study

CMIPS is organized by the World Climate Research Programme (WCRP) in order to
facilitate the [IPCC ARS. It’s model archives have been collected by the Program Climate Model
Diagnosis and Intercomparison (PCMDI). Over 20 modeling groups from all over the world
have participated in this project and conducted a variety of designed experiments (Taylor et al.,
2012). We selected the following models as described in Table 1. Except for GFDL-ESM2M
and GFDL-ESM2G, each model has more than three ensemble members for a specific
experiment or scenario. We use ensemble averages for each model to improve the signal-to-
noise ratio of the modeled fields and to give an equal weight to each model in the multi-model
ensemble mean. GFDL-ESM2M and GFDL-ESM2G each only provide one simulation per
experiment. Their results can be strongly influenced by random noisy. The historical
simulations are driven by all the natural and anthropogenic forcings and are mostly from 1850 to
2005. We used the time period of 1950-2005 for model evaluation when observations are of
adequate quality, and the period of 1979-2005 as the reference to compare with the projected
climate for the period of 2071-2100 derived using the Representative Concentration Pathways

(RCPs, Meehl and Hibbard, 2007a; Hibbard et al, 2007; Moss et al, 2010) scenarios of RCP4.5
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and RCP8.5 that assume that the radiative forcing will be stabilized at 4.5 Wm™ and 8.5 Wm,

respectively, after 2100.

2.3 Metrics of model evaluation

Gleckler et al. (2008) and Pierce et al. (2009) have recommended metrics for a
comprehensive evaluation of the general performance of global climate models. However, to
focus on assessment of droughts and their controlling processes over the SC US, we select a
subset of the climate variables from the recommended metrics that are highly relevant to the
processes that control the development and occurrence of droughts.

Previous studies have shown that a persistent high pressure system and middle
tropospheric ridge, and dry land surface are key conditions for summer drought over SC US
(e.g., Hong and Kalney 2002, Myoung and Nielsen-Gammon 2010). Strong westerly winds
advect dry and warm air from the Mexican Plateau and Rockies to the SC US and enhance cap-
inversions in the lower troposphere. Lower tropospheric southerly winds bring warm and humid
air from the Gulf of Mexico, creating a favorable condition for rainfall. Dry conditions during
late spring sets the stage for summer droughts. Prolonged droughts from winter to summer often
lead to extreme droughts. These conditions also favor the occurrence of extreme summer surface
temperature, because of strong inverse correlation between high surface temperature and dry
land surface in this region (Madden and Williams 1978).

Drought over the SC US is initiated by La Nifias in boreal winter, and could be
intensified by a positive phase of the Atlantic Multi-decadal Oscillation (AMO, McCabe et al.
2004; Hu and Feng, 2008, Mo et al. 2009, Kushnir et al. 2011, Nigam et al. 2011). However,

ENSO and AMO are random modes of internal variability. Thus, we focus on the realism of
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ENSO teleconnection pattern and the relationship between regional rainfall anomalies and ENSO
and AMO. We separately evaluate the tele-connection patterns for the eastern Pacific warming
(EPW) Nifio and the central Pacific warming (CPW) Nifio, respectively, because they have
different impacts on US climate (Mo 2009), and the occurrence of these two types of ENSO may
be influenced by anthropogenic forced warming (Yeh et al. 2009). A couple of centuries could
be needed to adequately assess ENSO and AMO variability (Wittengberg 2009; Stevenson
2012). Thus, significance of our evaluation on how such natural climate variability influences
the SC US climate is somewhat limited by lengths of climate records and historical simulations.

In addition, Wang et al. (2010) have suggested a statistical correction between an
increase of summer rainfall over SC US and global increase of SSTs. Because this global
increase of SST is attributable to anthropogenic forcing (e.g., Barnett et al. 2001), we will
evaluate this relationship as an indicator of regional rainfall sensitivity to forced global climate
change.

The multi-model ensemble mean may not be more reliable than the “best performing
model” when a majority of the models share common biases. However, “best performing
models” are limited by insufficient samples and statistical representation of the variability of the
climate system. Thus, we evaluate historical simulations of both multi-model ensemble means
and best performing models, and assessing the robustness of the climate projections based on the

consistency between them.

2.4 Analysis methods
The SC US domain in our analysis includes Texas and portions of New Mexico,

Oklahoma, Louisiana, Arkansas, Kansas and Missouri (Fig. 1). Because severe to extreme
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drought over the SC US are caused by persistent water deficit over two to three seasons, we
evaluate the modeled 6- and 9-monthly Standardized Precipitation Index (SP16 and SPI9)
calculated (McKee et al. 1993) using monthly mean precipitation derived from the US-Mexico
daily gridded precipitation dataset. Because we are interested in the changes of SPI6 and SP19
relative to present-day climatology, we normalize the rcp4.5 and rcp8.5 precipitation data for
2070-2099 with the mean and standard deviation of precipitation from base period of 1970-1999.
The normalization is carried out prior to calculating SPI6 and SPI9 using projected precipitation.
Follow Schubert et al. (2009), the global SST warming mode is represented by the
leading mode of the Rotated Empirical Orthogonal Function (REOF, Barnston and Livezey,
1987; O’Lenic and Livezey, 1988) of the annual and summer (JJA) global sea surface
temperature (SST) anomalies. The Nifio3 and Nifio4 are computed as the domain averaged SST
anomalies over the region of 150°W-90°W and 5°N-5°S, and of 160°E-150°W and 5°N-5°S,
respectively. The Atlantic Multidecadal Oscillation (AMO) is described as the area weighted
average of SSTA over the northern Atlantic, basically from 0 to 70°N (Endfield et al. 2001). The

detailed calculation procedure is found on NOAA/ESRL website:

http://www.esrl.noaa.gov/psd/data/timeseries/ AMO/. Statistical significant tests of correlation

coefficients are determined by the Student-T test.

3. Evaluation of Historical Simulations
3.1 Regional climatology and variability
a. Surface conditions
Figure 2 compares the seasonal cycles of surface air Tmax, Tmin and surface air specific

humidity (q) simulated by the 9 CMIP5 models to those derived from the GHCN data, NOAA
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CPC US-Mexico daily gridded datasets and NCEP CDAS-1. The models capture the seasonal
variations of Tmax and Tmin over the SC US. However, the models appear to consistently
underestimate Tmax values by as much as 5-7 °C during winter, and spring and fall (Fig. 2a). In
summer, Tmax values in one third of the models (HadGEM2-CC, CCSM4 and MIROCS) agree
with observations, but they are underestimated in two-thirds of the models by as much as 5 °C.
The multi-model ensemble mean shows a similar patterns and biases as those of individual
models.

Tmin values in most of the models and multi-model ensemble mean agree well with that
observed (Fig. 2b). MIROC, CCSM4 overestimate Tmin by 1-2 °C in summer and fall, whereas
HadGEM2, IPSL over underestimate Tmin by 3 °C in winter. The modeled surface air specific
humidity agrees well with the observation, except for HaddGEM2-CC and IPSL (Fig. 2c).

Figure 3 compares the modeled seasonal cycles of precipitation (P), evapotranspiration
(ET) and P-ET to those observed. Observations show that rainrate over the SC US is generally
higher than 2 mm/day during April to October and below 1.5 mm/day from October to March.
Peak rainfall occurs in May, about 2.5 mm/day, and annual minimum occurs in January, ,about
1.5 mm/day. The CCSM4 and MPI best capture this seasonal pattern. HadGEM2, GFDL-
ESM2M and MRI show a spurious mid-summer dry period, leading to a semi-annual cycle
peaking between spring and early fall. IPSL shows a short summer peak of rainfall with very dry
spring and fall seasons. Except for IPSL, models consistently overestimate rainfall by 0.5 to 1
mm/day with large inter-model discrepancies during spring and summer seasons.

Figure 3b shows that models generally capture the seasonal cycle of ET shown by
NLDAS, although two-thirds of them underestimate the values of ET. The GISS model

overestimates ET by as much as 250%, whereas IPSL and CCSM4 underestimate ET by nearly

10
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30% in summer. The high bias of multi-model ensemble mean is largely due to strong bias of
GISS model.

P- ET represents the net water flux available to the surface, thus it has strong influence on
meteorological drought and wet surface and flood. Figure 3c shows that P-ET estimated by
observation and NLDAS is positive during fall, winter and spring (September to March) and
peaks in winter at the rate of about 1 mm/day, and negative during summer (June-August) at
about -1 mm/day. Most of the models capture this seasonal pattern of P-ET, but underestimate
the magnitude of surface water loss (negative P-ET). The GISS model substantially
overestimates the magnitude of surface water loss due to its strong overestimate of ET (Fig. 3b),
whereas CCSM4 does not capture the observed negative P-ET in summer. The multi-model
ensemble mean shows good agreement with that observed due to a balance between
overestimated and underestimated P-ET values among different models.

The probability distributions (PD) of Tmax, Tmin and rainrate are important in
determining statistical distributions of extreme climatic events. Fig. 4a shows that Tmax has a
distribution over the SC US that ranges between 23 °C — 33°C or about 72 °F — 90 °F skewed
toward warmer Tmax values. The models capture the general shape of the PD. However, they
consistently underestimate the probability of hot to extreme Tmax (33°C — 53°C, or about 90 °F
— 126 °F), and overestimate probability of colder Tmax (-18 °C — 12°C, or 0 °F — 55 °F), except
for MIROCS. The majority of the models and multi-model ensemble mean also capture the
general pattern of PD of Tmin, although they consistently underestimate probability of cooler
Tmin (-13 °C — -3°C or 10 °F — 27 °F). MIROCS5 and CCSM4 also substantially overestimate the

probability of warmer Tmin (17 °C — 27 °C or 63 °F — 81 °F).

11



241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

Fig. 4c shows that the models consistently underestimate of probability of non-rainy days
and violent rainy events (>50 mm/day), and overestimate moderate rainy events (2.5-10
mm/day). These biases contribute to the overestimate of climatological rainfall (Fig. 3).
HadGEM2-CC and MPI provide the most realistic PD of rainrate.

How well can models simulate drought and persistent anomalous wet periods? Figure 5
shows that the models well capture the median, 25% and 75% values of the SPI6 and SPI9,
respectively, between observation and historical simulations for the period of 1951-2005.
However, the comparison of outliners suggests that most of the models underestimate dry

outliners, or extreme to exceptional droughts (-4<SP16, SP19<-3).

b. Atmospheric circulation

To investigate the underlying causes of the biases in regional surface climate conditions,
this section evaluates modeled atmospheric circulation patterns in this section. Figure 6 shows
that, except for CCSM4, all other models underestimate the latitudinal gradient of Z500 in
winter, spring and fall compared to observations. Such a bias implies weak jet strength and more
frequent or/and stronger synoptic disturbances from higher latitudes can reach SC US. Such a
bias would contribute to strong cold biases in Tmax and Tmin and an overestimation of rainfall
in winter and spring. CCSM4 has the least cold and wet biases during winter and spring, which
is consistent with its stronger latitudinal gradient of Z500 than other models.

During summer, the models generally underestimate the strength and area of the 500 hPa
ridge, except for CCSM4 and MIROCS. A weak 500 hPa ridge could contribute to an

overestimating of rainfall, and favoring lower Tmax in these models. Lack of such a bias in

12
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CCSM4 and MIROCS presumably explains the higher summer Tmax in these two models than
the other models.

In figure 7, we compare modeled U850 and V850 over the US with that observed.
Modeled U850 over the SC US is more realistic during winter and fall (Fig. 7a). The models
underestimate westerly U850 in spring, except for CCSM4, MPI and IPSL. Because strong
westerly U850 during spring can trigger summer drought (Hong and Kalney 2002, Fernando et
al. 2012), its weak bias would likely contribute to spring wet anomalies in the models.

Figure 8 shows that all the models underestimate southerly V850 in winter. During
spring, summer and fall, they, except for HadGEM2, also consistently underestimate southerly
V850 over the SC US except for HadGEM?2. Because southerly V850 dominates the transport of
warm and moisture from Gulf of Mexico to SC US, its underestimate probably contributes to a
cold bias in Tmax and Tmin in spring and low biases in surface air q. However, it’s potential

impact on rainfall is presumably compensated by biases in Z500 and U850.

3.2 Relationship with interannual and decadal climate variability modes

Whether or not climate models can adequately represent the connections between
regional climate anomalies and its oceanic forcing is central in determining the frequency and
intensity of droughts and probability of extreme temperatures and rainfall, and is investigated in
this section. Figure 9 compares the modeled and observed correlation coefficients for the areal
averaged rainfall anomalies over the SC US with the EPW Nifio index (Nino3) and the CWP
Nifio index (Nifio4), respectively. Observed rainfall over the SC US is significantly positively
(negatively) correlated with El Nifio (La Nifia), occurs only in winter (DJF). This seasonal

dependence of correlation is only captured by the GISS-E2R. The other models either capture
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this relationship in winter, but also exaggerate its seasonal persistence during other seasons
(GFDL-ESM2M, GFDL-ESM2G, MIROCS, IPSL), or show spurious correlation between the
SC US rainfall and ENSO in spring, summer for fall (CCSM4, HadGEM2-CC and MPI-ESM),
or do not show any relationship between the SC US rainfall anomalies and ENSO (MRI-
CGCM3).

The influence of ENSO on SC rainfall anomalies is determined by the ENSO
teleconnection pattern. Figure 10 shows the spatial pattern of the correlation between the Z500
anomalies and Nino3 index during winter (DJF) when regional rainfall anomalies are
significantly correlated with ENSO indices. None of the models appear to capture the overall
spatial pattern of the correlation for the period of 1979-2005. CCSM4, GFDL-ESM2G, GFDL-
ESM2M partially capture the dipole of strengthened North American High and a weakened
Aleutian Low.

Figure 11 shows that the strengthening of North American High related to the CPW Niflo
(Nifio4) is not as strong as that related to the EPW Nifo (Nifio4). Again, none of the models can
entirely capture the spatial pattern of the correlation between Z500 anomalies and Nifio3.
However, CCSM4, GFDL-ESM2G, GFDL-ESM2M and MRI partially capture the dipole that
strengthens the North American High and deepens the Aleutian Low, although the positive
anomalous Z500 center over North America is biased too southward compared to that suggested
by NCEP reanalysis.

We have also evaluated the standard deviations of the Nifio3 and Nifio4 indices
normalized by those derived from observation. The results suggest that the normalized standard
deviations of modeled Nino indices in CCSM4, GFDL-ESE2M, GFDL-ESM2G, HadGEM?2 and

MIROCS are close to one. Thus, the magnitudes of the ENSO variability in of Nifio3 and Nifio4
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indices are comparable to those observed. The results also show that the variability of Nifio3 and
Nifio4 indices in GISS-E2-R, IPSL, MPI and MRI are only about 40% or less than those
observed.

The relationship between AMO index and the SC US rainfall anomalies is evaluated in
Figure 12. Despite the suggested AMO influence on North American rainfall in general, no
significant correlation is detected observationally, nor suggested by most of the models over SC
US, except for CCSM4 and IPSL. These two models suggest an unrealistic correlation between
the SC US rainfall and AMO during spring and winter, respectively. The lack of significant
correlation between AMO and the SC US rainfall is consistent with previous observational
studies that suggest that AMO influences North American rainfall primarily through its
modulation of ENSO influence (e.g., Hu and Feng 2008).

Although none of the models can satisfactorily capture the ENSO tele-connection
patterns and its influence on the SC US rainfall anomalies, CCSM4, GFDL-ESM2G, GFDL-
ESM2M appear to out-perform other models. However, CCSM4 overestimates the connection

between the SC US rainfall and AMO.

3.3 Relationship with global SST warming mode

How well can CMIP5 models represent the responses of the SC US climate and extremes
to an increase of global surface temperature? To explore this question, we first evaluate the
spatial pattern of the REOF mode of SST anomalies that represents the global increase of SST
for JJA, the season when the ENSO influence on SST is relatively low (Fig. 13). As the leading
REOF mode of the observed SST anomalies (Schubert et al. 2009), it shows warming over most

of the global ocean, except for over high-latitude North Atlantic and northwestern Pacific, and
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equatorial eastern pacific. The spatial pattern of this global SST warming mode is best captured
by GFDL-ESM2G and GISS as their leading REOF mode. CCSM4 and MPI also capture the
general pattern of the warming mode, although they either overestimate the cooling over North
Pacific or over the equatorial Pacific. In HadGEM2-CC, MIROCS and GFDL-ESM2M models,
ENSO emerges as the leading REOF mode of SST anomalies. The global SST warming mode
emerges as the second or even the third leading REOF mode, suggesting these models
underestimate the influence of the global SST warming on SST variation.

The principle component of the leading REOF mode (PC1) of the observed SST
anomalies suggests a steady warming during 1950-1990, then it has leveled off since 2000. The
modeled PC1s of SSTs suggest a warming trend since 1970s or 1980s, except for HaddGEM2-CC
and MRI-CGCM3. This difference in temporal behavior of the PC1 maybe in part due to
possible modulation of the global SST warming mode by natural decadal variability and lack of
it in the modeled PCls. The PCs of the global SST warming mode in HadGEM2-CC and MRI-
CGCM3 models show spurious changes during early 20th century, suggesting that the SST
warming is either inadequately modeled or not robust enough for our REOF reanalysis to capture
it.

Because droughts and summer extreme temperature over the SC US are mostly
influenced by rainfall, we evaluate the linear regression between the SC US rainfall and the PC
of the global SST warming mode for both annual means and JJA season (Fig. 14) to explore
impact of the latter on droughts and extreme temperatures over the SC US. No models could
capture the positive correlation between the annual mean rainfall anomalies of SC US and the
PC1 of global annual mean SST anomalies. However, in the summer (JJA) season, CCSM4 and

GFDL-ESM2M both capture the significant increase of the SC US rainfall associated with
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warming of global SSTs as observed, although GFDL-ESM2M may overestimate the rate of
regional rainfall change associated with the global SST warming. GISS-E2R and MIROCS show
a significant decrease of the SC US rainfall with the global SST warming, opposite from that
observed. The other six models do not show any significant change associated with the global
SST warming.

In short, figures 13 and 14 suggest that CCSM4 and GFDL-ESM2M capture both the
observed global SST warming mode and its link with the SC US rainfall, whereas other models
are unable to adequately capture either the global SST warming mode or its relationship with the

SC US rainfall change.

3.4 Ranking of model performance

For assessing overall performance and its implications for the models in projecting
climate change over the SC US, we broadly rank the models according to the metrics and
rationales described in Section 3.3. Models that realistically capture the patterns of the spatial or
temporal variability, changes and correlation for a selected climate variable are ranked as the top
performing or Class-1 models for that variable. The models that partially agree with the
observations, including the signs of correlation or changes, are ranked as average performing
(Class-2) models. Models that show no resemblance to observations, e.g., showing wrong signs
of correlation between regional climate responses to external forcings, are ranked as the under-
performing (Class-3) models. Climate projections are based on the response of the regional
climate to warming induced by an increase of global radiative forcing, and anticipated dominant
influence by changes of radiative forcing over natural climate variability on climate conditions at

the end of 21st century. Thus, we assign more weight to a model’s performance in seasonal
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cycles and relationship with the global SST warming mode than to internal natural variability
such as change associated with ENSO.

Following the above guidelines, the models’ performance in representing the SC US
regional climate is ranked in Table 2. The CCSM4 is the only model that is ranked in either
category 1 or 2 in representing the global SST warming mode (GW) and its relationship with
the SC US regional rainfall change (agw). Thus, it outperforms other models, whose average is
2.0 or higher for these variables, in this key criterion for assessing reliability of the climate
projection. CCSM4, MPI and MRI have seasonal cycle average ranking below 2.0 but more for
the natural variability ranking. The latter requires more observational and model data than
available to establish statistical significance for its variables (Wittengberg 2009; Deser et al.

2012).

4. Climate Projections for the Late 21st Century

To assess climate change over the SC US in the future, we evaluate projected regional
climate conditions for the period of 2071-2100 (referred to as the late 21st century) under the
RCP4.5 and RCP8.5 scenario, respectively, and compare them to the historical simulations for
the period of 1979-2005 (referred to as the recent past) for each model. Ensemble mean of
individual simulations for each model and each scenario are used for assessing the changes,
except for in figures 15 and 16 to avoid the impact of sampling difference on our comparison
between different models. The periods of comparison are based on the recommendation of
NOAA MAPP CMIPS task force for publication in this special issue. The projections of multi-
model ensemble means and those of the best performing model will be compared in our

discussion. Because of the model biases as shown in Section 3, we will focus more on changes
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of the climate conditions than on absolute values. For brevity we do not show the analysis of

projected circulation change.

4.1 Projected changes in surface climate conditions

Figure 15 shows the projected Tmax distributions for each model over the SC US by the
late 21st century compared to that in the recent past. Under the RCP4.5 scenario, the individual
models and the multi-model ensemble mean consistently project a more skewed PD toward
warm temperatures, except for MIRCOS. The occurrence of warm temperatures, ranging from
32°C to 42°C (89.6°F to 107.6°F), increases by 25% to 50% relative to those of recent past. The
occurrence of Tmax cooler than 3°C decreases. The occurrence of Tmax with medium values
(3°-22°C) will only change slightly. The peak of the temperature distribution will remain at 22°C
- 32°C, the same as that in the recent past. MIROCS, on the other hand, projects a shift of peak
Tmax distribution to 32°C-42°C (90° — 108°F) in the late 21st century.

Under the RCP8.5, the projected change of PD patterns are similar to those of RCP4.5
scenario, but warmer Tmax, ranging from 32°C to 42°C, will increase by 50%-100% relative to
their occurrence in the recent past. Although the peak of Tmax distribution will be the same as
projected by the majority of the models, more models (HadGEM2, MPI, MIROCS) project a
shift of the peak Tmax distribution to 32°C-42°C. Such projections suggest that the summer
extreme temperatures during the late 20th century will become normal in future. For both
emission scenarios, the projected changes of Tmax distribution are very similar between the
multi-model ensemble mean and the best performing model.

The project changes of Tmin distribution is shown in Fig. 16. For both emission

scenarios, the models consistently project more occurrences of Tmin that exceed 22°C and a
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decrease of Tmin below -3°C in future. The occurrence of medium Tmin will not change for
more than a few percentages. Two-thirds of the models project a shift of peak Tmin distribution
to 17°C -27°C by late 21st century under both the RCP scenarios, from 7°C -17°C. These models
also project an increase of the occurrence of Tmin warmer than 27°C (80.6F) by several folds
under the RCP8.5 scenario.

Figure 17 shows projected changes of distribution of rainfall intensity in the late 21st
century. The majority of the models and multi-model ensemble mean suggest an increase of
non-rainy and light rainy days, and a decrease of light to moderate rainy days (0.25-10 mm/day)
for both emission scenarios. The changes of rainrate distribution are more than twice as strong
for the RCP8.5 scenario as for the RCP4.5 scenario. The “best performing model” (CCSM4), on
the other hand, projects little change in rainrate distribution under the RCP4.5 scenario. It
projects a slight decrease of non-rainy and light rainy events and an increase of heavy rainfall
days (10-50 mm/day).

What could cause a preferential increase of warm to hot, and extreme Tmax? Because
these high Tmax values occur with dry and hot land surface conditions during warm seasons
(e.g., Madden and Williams 1978), we evaluate changes of precipitation, ET, and net surface
water flux in different future seasons in Figure 18. HadGEM2 and MPI are not included in this
figure because they did not provide projections of ET. The projected changes are noisy with
large inter-model discrepancies under both emission scenarios. Under the RCP4.5 scenario, the
multi-model ensemble mean shows weak increase of P and ET in winter and spring. CCSM4
also projects similar changes of P and ET, but with a stronger increase of rainfall during
February and June, and a weaker decrease of rainfall in late summer, compared to the multi-

model ensemble projection. The multi-model ensemble projection shows a decrease of P-ET or
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an increase of surface water loss to the atmosphere from spring to fall, thus much drier surface
conditions. In contrast, CCSM4 projects a weak increase of P-ET all year round as a result of its
stronger increase of rainfall, and hence more supply of surface water and runoff. Because
CCSM4 is the only model (here evaluated) that is capable of reproducing the observed increase
of rainfall of the SC US with the increase of global SST in the recent past, its projected increase
of P-ET may be a result of such capability. The discrepancy between the projections by multi-
model ensemble mean and best performing model suggests that the projected change is not
robust under the lower emission scenario.

Under the RCP8.5 scenario, the patterns of P, ET, P-ET changes are similar to those of
RCP4.5, but magnitudes of the changes increase. Both multi-model ensemble projection and
CCSM4 project a decrease of P-ET and an increase of surface water loss during spring, summer
and fall, resultant from a faster increase of ET than the increase of P and also from reduced gap
of P changes between the multi-model ensemble mean and CCSM projections. Thus, the
projected drying of land surface over SC US appears to be robust under this high emission
scenario. The projected increases of surface water loss during spring, summer and fall imply a
strong increase of dry spells. These changes can contribute to disproportionally large increase of
warm and hot Tmax as shown in Fig. 15.

How will drought and prolonged wet anomalies change in future? Figure 19 compares
the medium, 25% and 75% values of the SPI6 between the historical simulations, the RCP4.5
and RCP8.5 scenarios, respectively. To gain a prospective about changes from the recent past,
we modified the SPI calculation by using projected monthly rainfall subtracted from the
historical climatological seasonal cycle of rainfall to obtain cumulative rainfall anomalies, which

are then normalized by historical rainfall variability. Figure 19 shows a lack of consistency in
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the projected changes of the SPI6 distribution. Except for CCSM4, the SP16 projected by all
other models does not show changes of median values, but rather more than half of the models
(GFDL-ESM2G, GFDL-ESM2M, ISPL, MIROCS5 and MPI) project a greater spread of SPI16
values, implying an increase of stronger droughts and persistent wet anomalies, in the late 21*
century. The multi-model ensemble mean shows the changes of SP16 similar to that of most
models, but with a much reduced range of variability due to its averaging across models. On the
other hand, the “best performing model” (CCSM4) projects a negative shift of the median, 25%
and 75% of SPI6, suggesting more frequent and intense droughts in future. The negative shift of
the median SPI6 is stronger for the RCP8.5. The projected changes of SPI9 distributions are

similar to those of SPI16 (not shown).

S. Conclusions and Discussion

We have evaluated the performance of nine selected CMIP5 models in representing SC
US regional surface climate, its variability and changes, the key large-scale circulation patterns,
and their links to ENSO, AMO and the global scale SST warming mode, as a basis to assess the
fidelity of these models for climate projections over this region. A novel aspect of this
evaluation is its focus on the sensitivity of the regional climate response to the global scale
natural climate variability and change and the key circulation patterns that control the regional
droughts.

The evaluation suggests that the models generally adequately reproduce the observed
patterns of the seasonal cycles and the probability distributions of the surface temperature,
humidity and rainfall. However, the majority underestimates Tmax and q and overestimate Tmin

and P, especially during spring and early summer. The excessive rainfall is due to an
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underestimate of non-rainy and light rainy days (<0.25 mm/day) and an overestimate of
moderate rainy days (0.25-10 mm/day). These models also consistently underestimate the
occurrence of days with heavy to violent rainfall events (>10 mm/day). Underestimates of the
latitudinal gradient of the mid-tropospheric (500 hPa) geopotential height in winter and spring,
the strength and area of the mid-tropospheric high, and westerly winds in the lower troposphere
probably all contribute to the surface wet and cool biases over the SC US.

The models appear to reproduce the values of median, 25% and 75% levels of SP16 and
SPI9 values, despite their wet biases in rainfall climatology and inadequate links between SC US
rainfall, ENSO and AMO indices in the majority of the models. The majority of the models
appear to underestimate the occurrence of extreme to exceptional droughts. However, such
uncertainty could be artifact of insufficient samples available for the 55-year analysis period.
Only a few models (CCSM4, GFDL-ESM2G and GFDL-ESM2M)) partially capture the tele-
connection pattern associated with the EPW (Nifio3) and CPW Niio (Nifio4) index, respectively.
However, these models tend to overestimate persistence of the ENSO influence on SC US
rainfall anomalies, and are unable to capture the seasonality of such influences. CCSM4 and
IPSL overestimate the correlation between SC US regional rainfall anomalies and AMO. Such
uncertainties highlight the challenge of modeling the impact of ENSO on regional rainfall in
global climate models.

Several models (CCSM4, GFDL-ESM2G, GISS, and MPI) appear to realistically capture
the global SST warming mode, as represented by the leading mode of the Rotated Empirical
Orthogonal Function (REOF) of the global SST anomalies. However, only CCSM4 simulates its
relationship with an increase of rainfall over the SC US. Inadequate representation of the

modeled rainfall response to the increase of global SSTs by the majority of the models raises a
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question as to whether the multi-model ensemble projections are more or less reliable than the
single “best performing model” for projecting the future drought and extreme temperatures over
the SC US.

Overall, CCSM4 outperforms the other models in representing the relationship between
SC US rainfall and the global SST warming mode, seasonal cycles of large-scale atmospheric
circulation patterns. CCSM4 is also one of the few models that partially capture the tele-
connection pattern associated with ENSO and the relationships between the SC US rainfall
anomalies and ENSO. In addition to uncertainty of the models’ physics, the apparent poor
performance of the ENSO tele-connection patterns could be in part due to insufficient sampling
of ENSO within our short analysis period (Wittengberg 2009; Stevenson et al. 2012).

Ensemble projections by the RCP4.5 and RCP8.5 experiments for the period of 2071-
2100 are compared to those simulated by the historical simulations for the period of 1979-2005,
to assess future changes over the SC US. Because the majority of the models share some
common biases, we compare the multi-model ensemble projections with that of “best performing
model” (CCSM4) to assess the robustness of the projections. Both multi-model ensemble mean
and CCSM4 consistently project that a) the occurrence of Tmax ranging from 32° to 42°C (~90°
F to 108 °F) will increase by 25% to 50% in future relative to their occurrence in recent past for
the RCP4.5 scenario, and their frequency of occurrence will increase 50%-100% for the RCP8.5
scenario. The occurrence of colder Tmax (<3°C) will decrease. The distribution of Tmax will be
skewed toward warmer temperature, but the peak will remain the same. b) The peak of the Tmin
distribution will shift by 10°C (18°F) to 17°C - 27°C (63°F -81°F). The occurrence of below

freezing Tmin will decrease under the RCP4.5 scenario. Under the high emission RCP8.5
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scenario, the occurrence of Tmin exceeding 27°C (80.6 F) could increase several times relative to
that in recent past.

There are large discrepancies in projected changes of distribution of rainrate, P, ET and
P-ET between individual models, the multi-model ensemble mean and the best performing
model. Under the RCP4.5 scenario, the majority of the models and multi-model ensemble mean
project a future increase of non-rainy and light rainy days (0-0.25 mm/day) and a decrease of
light to moderate rainfall (0.25-10 mm/day), whereas CCSM4 projects little change in the rain
rate distribution. Multi-models ensemble projections suggest a weak increase of P-ET winter,
spring and fall and a decrease of P-ET in summer. In contrast, CCSM4 projects an increase of P-
ET in winter, spring, early summer and fall, and a small decrease of P-ET in late summer. Most
models project a wider spread of SP16 and SPI9 or increased intensity of both droughts and
persistent wet periods, without a clear shift of the medium values for SP16 and SPI9. CCSM4, on
the other hand, shows a negative shift of SPI6 and SPI9 medium values without an increase in
their spread.

Under the RCP8.5 scenario, the majority of the models and multi-model ensemble
projections suggest a stronger change of rainrate distribution than those of RCP4.5 but without
systematic changes of SP16 and SPI9 distributions. CCSM4, on the other hand, shows a weak
decrease of non-rainy and light-rainy days and an increase of heavy rainfall (10-50 mm/day), but
a more negative shift of median SPI16 and SPI9 values from those of RCP4.5.

The patterns of the changes of P, ET and P-ET are similar to those of RCP4.5, but
magnitudes of the changes increase. Both multi-model ensemble projection and CCSM4 project
a decrease of P-ET and an increase of surface water loss during spring, summer and fall, a

consequence of their stronger increase of ET and summer P in both the multi-model ensemble
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mean and CCSM projections. Thus, the projected drying of land surface over SC US appears to
be robust for this high emission scenario.

Our assessment of the climate projections by the CMIP5 models suggest that, while a
climatic shift of the hydrological cycle over SC US for weak global warming is questionable, the
projections for an climatic drying over this region under a growing emission scenario (RCP8.5)
seems to be robust. Thus, future climatic drying over SC US may be rather sensitive to future
emission policies.

One of the main limitations of our assessment is its insufficient representation of the
statistical distributions of the climate variables we evaluate due to both short duration of
available observations, model simulations and limited ensemble members of simulations. For
the regions such as SC US, multi-model ensembles cannot effectively remove common biases
among the majority of the models. However, a large number of ensemble simulations by the
“best performing models” could provide an alternative and complementary approach to reduce

the uncertainties of the climate projections.
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Figure Captions:
Fig. 1: Spatial domain of the SC US defined in this study.

Fig. 2: Seasonal cycles of daily maximum and minimum surface temperature (Tmax, Tmin) and
specific humidity (gsfc) derived from observations and historical simulations of the CMIP5
models for the period of 1950-2005. The numbers in the parentheses are the model ensembles.

Fig. 3: As in Fig. 2 but for seasonal cycles of precipitation (P), evapotranspiration (ET) and the
net downward water flux (P-ET).

Fig. 4: Observed and modeled PDF of Tmax (top), Tmin (middle) and rainrate (bottom), and
PDF of modeled minus observed rainrate for each model for the period of 1950-2005. One
ensemble member from each model is used.

Fig. 5: Box plots comparing observed and modeled SP16 and SPI9 derived from historical
simulations of the CMIP5 models. The red lines at the centers of the boxes represent the median
of the SPI values, whereas the upper and lower ends of the boxes represent 75% and 25% levels

of the SPI values. Red crosses represent the outliners of the SPI values.

Fig. 6: Comparison of the modeled Z500hPa pattern by each of the CMIP5 models with that of
NCEP-CDASI.

Fig. 7: As in Fig. 6, but for U850.
Fig. 8: As in Fig. 6, but for V850.

Fig. 9: Correlations between Nifio4, Nifio3 and the SC US rainfall. “Star” indicates significant
correlation coefficient at 95% confidence level using the Student t-test.

Fig. 10: Correlation pattern between 500hPa geopotential anomalies and Nifio3 index obtained
from NCEP reanalysis and the historical simulations by the nine CMIP5 models for the period of
1979-2005.

Fig. 11: As in Fig. 10 but for correlation with the Nifio4 index.

Fig. 12: Correlation coefficient between the SC US rainfall anomalies and AMO index. “Star”
indicates significant correlation coefficient at 95% confidence level using the Student t-test.
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Fig. 13: The leading mode of REOF (REOF1) derived from observed and modeled SSTA from
the nine CMIP5 models.

Fig. 14: comparing linear regression between the SC US P and T with the warming modes
between models and observations. “Circle” indicates significant correlation coefficient at 95%
confidence level using the Student t-test.

Fig. 15: Projected changes of surface daily maximum temperature during period of 2071-2100
under the RCP4.5 and RCPS8.5 scenarios, compared to the historical simulations of the CMIP5
models and observation during the period of 1979-2005.

Fig. 16: As in Fig. 15 but for Tmin.

Fig. 17: Projected changes of rainrate distribution between the period of 2071-2100 and that of
1979-2005 for the RCP4.5 (red) and RCP8.5 (blue) scenarios for the nine CMIP5 models.

Fig. 19: Projected SPI6 over the SC US based on projected rainfall for the period of 2071-2100

for the RCP4.5 and RCP8.5 scenario, respectively, and rainfall climatology and variability from
the historical simulations for the period of 1979-2005.
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836

Table 1. Description of CMIP5 models used in this study

X;r(f::lr;mg Institute (Country) (Cli):sl(l))l(; I;e;;z) Calendar Reference
CCSM4 izz(())lsl:il;?? tliresfzzrch 6 F09_g16 No leap Gent et al,
(A) (USA) (0.9x1.25 gx1v6) 2011
Atm: AM2
(AM2pl4, M451.24)
GFDL- NOAA/Geophysical Ocn: MOM4.1 (1.0° John Dunne
ESM2M Fluid Dynamics lat x1.0° lon, No leap
(B) Laboratory (USA) enhanced tropical etal, 2012
resolution: 1/3 on
the equator)
Atm: AM2
(AM2pl4, M451.24)
GFDL- NOAA/Geophysical Ocn: MOM4.1 (1.0° John Dunne
ESM2G Fluid Dynamics lat x1.0° lon, No leap
© Laboratory (USA) enhanced tropical etal, 2012
resolution: 1/3 on
the equator)
GISS-E2-R NASA/Goddard Atm: G£SS-E2 (2.0° Schmidt et
D) Instlt’ute for Space lat x2.5° lon) No leap al., 2006
Studies (USA) Ocn: R
Atm: HadGAM?2 Collins et
HadGEM2- (N96L60) )
cC ?:;troef(fﬁ;{adley Ocn: HadGOM2 360 dly ;Za 1‘2‘[10111 it N
(E) (Lat: 1.0-0.3 Lon: 2011 ’
1.0 L40)
MPI-ESM-  Max Planck Institute ‘((\TtgLEL‘S;{ AME Zad;&t;et
?Fli (foGrelr\ile;(;r)ology Ocn: MPIOM Gregorian Marsland et
(GR15L40) al., 2003
Atm: LMDZ4
IPSL-CM5A- . . . (06x93>39, 1.875% .
LR Institut Pierre Simon lat x3.75° lon) No leap Marti et al.,
G) Laplace (France) Ocn: ORCA2 2010
(2x2L31, 2.0° lat
x2.0° lon)
Atm: AGCM6
MIROCS5 AORI, NIES & (T85L40) No leap Watanabe et
(H) JAMSTEC (Japan) Ocn: COCO al., 2010
(COCO4.5)
Meteorological Atm: GSMUV
MRI-CGCM3 Research Institute (TL159L48) Gregorian Yukimoto et
@D (Japan) Ocn: COM3 al., 2011
(1x0.5L51)
837
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Table 2: Ranking of model performance for SC US regional climate change

Variables Models
CCS GFDL- GFDL- GISS- HadGEM2 MPI IPS MIROCS MRI
M4 ESM2G ESM2M E2-R L
Correlation with global SST warming:
acw 1 3 1 3 2 3 3 3 3
GWssr 2 1 3 1 3 2 2 3 2
Subtotal 1.5 2 2 2 2.5 25 25 3 2.5
Seasonal cycle:
Tmax 1 2 2 2 1 2 3 1 2
Tmin 2 1 1 1 3 1 3 2 1
q 1 1 2 1 3 1 3 1 1
Subtotal 1.3 1.3 1.7 1.3 23 1.3 3 1.3 1.3
PD iy 3 3 3 3 3 3 3 3 2
PDgrr 2 2 2 2 2 2 2 2 1
P 1 3 3 2 3 1 2 2 3
ET 3 2 2 3 2 2 2 2 2
SPI6 2 2 2 2 2 2 2 2 2
SP19 2 2 2 2 2 2 2 2 2
Subtotal 2.2 2.3 2.3 2.3 2.3 2 2.2 2.2 2
7500 2 3 3 2 2 3 2 3
U850 1 2 2 2 2 1 1 2 2
V850 2 2 2 2 1 2 2 2 2
Subtotal 1.7 23 23 23 1.7 1.7 2 2 2.3
Natural variability
I'p,Nifio3 3 2 2 1 3 3 3 2 3
SZ500, 2 2 2 3 3 3 3 3 3
Nifo3
Y'p,Nifiod 3 2 2 1 3 3 3 2 3
SZ7500, 2 2 2 3 3 3 3 2 3
Nifo4
Subtotal 2.5 2 2 2 3 3 3 23 3

Ranking 1: Generally realistic pattern, Ranking 2: partially realistic, Ranking 3: No resemblance to those observed
agw: Linear regression coefficient between SC US summer rainfall anomalies and PC of the global SST warming
mode of the REOF analysis of global SST anomalies for the period of 1950-2005; GWssr: Spatial pattern of the
global SST warming mod; PDry,.x: Probability distribution of daily maximum surface temperature. PDgg:
Probability distribution of rainrate; 1y niso3, I'pNifios: Correlation coefficient between SC US rainfall anomalies and
Nifio3 index and Nifio4 index, respectively; SZ500, Nifio3, SZ500, Nifio4: Spatial patterns of the regression between
7500 anomalies and Nifio3 index and Nifio4 index, respectively.
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Fig. 17: Projected changes of rainrate distribution between the period of 2071-2100 and that of

1979-2005 for the RCP4.5 (red) and RCP8.5 (blue) scenarios for the nine CMIP5 models.
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1159  Fig. 18: Changes of climatological seasonal cycles of P, ET and P-ET between the period of
1160  2071-2100 for the RCP4.5 and RCP8.5 scenarios and those from the historical simulations for
1161  the period of 1979-2005.
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1188  Fig. 19: Projected SPI6 over the SC US based on projected rainfall for the period of 2071-2100
1189  for the RCP4.5 and RCP8.5 scenario, respectively, and rainfall climatology and variability from
1190  the historical simulations for the period of 1979-2005.
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